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ABSTRACT
Although cis-regulatory binding sites (CRBSs) are at
least as important as the coding sequences in a
genome, our general understanding of them in
most sequenced genomes is very limited due to
the lack of efficient and accurate experimental and
computational methods for their characterization,
which has largely hindered our understanding of
many important biological processes. In this article,
we describe a novel algorithm for genome-wide de
novo prediction of CRBSs with high accuracy. We
designed our algorithm to circumvent three identi-
fied difficulties for CRBS prediction using compara-
tive genomics principles based on a new method for
the selection of reference genomes, a new metric
for measuring the similarity of CRBSs, and a new
graph clustering procedure. When operon struc-
tures are correctly predicted, our algorithm can
predict 81% of known individual binding sites
belonging to 94% of known cis-regulatory motifs
in the Escherichia coli K12 genome, while achiev-
ing high prediction specificity. Our algorithm has
also achieved similar prediction accuracy in the
Bacillus subtilis genome, suggesting that it is very
robust, and thus can be applied to any other
sequenced prokaryotic genome. When compared
with the prior state-of-the-art algorithms, our algo-
rithm outperforms them in both prediction sensitiv-
ity and specificity.
INTRODUCTION
While a biological function of a cell is the result of speciﬁc
interactions of a set of gene products—proteins and
RNAs expressed in the cell under certain physiological
and environmental conditions, the controlling programs
that specify when, where, how much, and how fast a
speciﬁc set of proteins and RNAs should be expressed
are mainly deﬁned in the non-coding functional sequences,
in particular, the cis-regulatory binding sites (CRBSs)
through their interactions with speciﬁc transcription fac-
tors (TFs). In prokaryotes, several adjacent genes on the
same strand of DNA often form an operon and are co-
transcribed as a polycistronic mRNA. Genes in an operon
generally share the same transcription initiation and ter-
mination control signals and machinery. In eubacteria,
gene transcription initiation is controlled by the s-factor
of the RNA polymerase together with other speciﬁc TFs
that respectively bind to the promoter and CRBSs located
in the upstream region of an operon. Typically, a genome
encodes far fewer TFs than the number of operons, there-
fore each TF usually regulates multiple operons (for the
convenience of this discussion, we also call a singleton
gene an operon). The collection of the operons that are
regulated by a TF is called the regulon of the TF. As some
operons are regulated by more than one TF, an operon
can belong to diﬀerent regulons. The set of similar CRBSs
recognized by a TF is called its cis-regulatory motif, or
binding site motif.
Although great advances have been made in identifying
the coding sequences in prokaryotic genomes using com-
putational methods alone, it remains an unsolved task for
both the experimental and computational biology commu-
nities to eﬃciently and accurately identify all the CRBSs in
a genome. Therefore, no single organism has so far had
most of its cis-regulatory systems characterized; and even
for the most well-studied prokaryotic model organism
E. coli K12, researchers have only characterized partial
CRBSs for 125 of the  314 estimated TFs in its genome
through decades of research (1). As a result, except for a
handful of strains, such as E. coli K12 (1) and B. subtilis
(2), we know very little about the cis-regulatory systems in
all sequenced prokaryotic genomes (3). The lack of a hol-
istic understanding of the cis-regulatory systems in these
organisms has hindered our understanding of many
important biological processes such as development, dif-
ferentiation, evolution, disease and specialized biological
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need in the biological research community for an eﬃcient
and accurate computational method for predicting all pos-
sible cis-regulatory systems in sequenced prokaryotic
genomes.
Prediction of CRBSs has been a consequence of the
development of computational methods for modeling
CRBSs over the past almost three decades (4,5). The
early attempts to predict new CRBSs started by compiling
known binding sites of interest, and then the sequence
proﬁle of these known CRBSs was used to search for addi-
tional ones in the genome of interest (6,7). With the advent
of microarray gene expression proﬁling technologies and
availability of increasing numbers of sequenced genomes,
numerous motif-ﬁnding algorithms have been developed
to identify overrepresented segments of sequences as
potential CRBSs from a set of regulatory regions of a
few co-regulated genes (8,9). Later, Gelfand et al. intro-
duced the phylogenetic footprinting technique (10) to pre-
dict CRBSs of a TF whose regulon members are at least
partially known, in a group of related genomes (11,12).
This method and its variants have been widely adapted to
predict the CRBSs and the regulon of a TF in related
bacterial or archaeal species (13–22). However, these
methods cannot be scaled up at genome scale for all pos-
sible CRBSs because the regulon information is largely
unknown for most of sequenced genomes. Structure-
based algorithms have also been developed to predict
new CRBSs for a TF whose structure is known (23,24);
nevertheless, these methods have only had limited applica-
tion, since accurate structures of most TFs are not avail-
able yet. To our knowledge, the ﬁrst genome-wide CRBS
and regulon prediction was carried by van Nimwegen
et al. (25). They used Monte Carlo sampling of the
putative binding sites to partition thousands of short con-
served DNA sequences into clusters, which were identiﬁed
by phylogenetic footprinting methods and each cluster
was predicted as a cis-regulatory motif. However, this
approach only predicted  100 motifs/regulons in E. coli
K12 (25). Later, Qin et al. (26) used a Bayesian clustering
algorithm to group similar putative binding sites predicted
in E. coli K12 by phylogenetic footprinting in an earlier
work (27), and predicted 192 motifs covering only 438
operons. More recently, Alkema et al. (28) proposed yet
another phylogenetic footprinting-based algorithm using a
rather simple algorithm to cluster putative CRBSs into
clusters or motifs which were then used to scan the
genome for additional ones. One of the major problems
of all these algorithms is that they assume that the input
motifs predicted by motif-ﬁnding algorithms are true
binding sites. However, this assumption may not be
valid, as recent studies have shown that, of the surveyed
popular motif-ﬁnding programs including those used in
these studies, the best predicted at most 40% known bind-
ing sites in the input intergenic sequences, with high false
positive prediction rates (29,30). This would partially
explain their generally low prediction accuracy.
Although Pritsker et al. (31) have used multiple motifs
predicted by a motif-ﬁnding tool from pooled orthologous
intergenic sequences in fungi strains to predict CRBSs in a
genome scale, their coverage was not high either, because
a limited number of genomes were used, and a rather
simple motif clustering method was employed. In another
early study, Li et al. (32) attempted to identify clusters of
overrepresented bipartite patterns in the intergenic
sequences in E. coli K12 as possible cis-regulatory
motifs, but this method is limited as not all binding sites
are bipartite, and the power of comparative genomics was
not explored. As a result, only one third of known CRBSs
were predicted by this method (32). The PhyloNet algo-
rithm is probably the most recent development for
genome-wide de novo prediction of CRBSs in simple
eukaryotic (33) and prokaryotic (34) genomes. PhyloNet
ﬁnds binding site motifs through clustering multiple
motifs identiﬁed by a motif ﬁnder in the orthologous inter-
genic sequences of closely related genomes. However, to
speed up the motif comparison process, PhyloNet reduces
the continuous motif proﬁle space to a discrete one (33),
which would sacriﬁce the sensitivity to detect highly
degenerate CRBSs. Furthermore, sub-motifs of the same
TF are not eﬀectively clustered by PhyloNet to form a
unique motif (33,34).
In our opinion, the diﬃculty of genome-wide de novo
prediction of CRBSs has three causes. First, CRBSs are
short with a length of 6–30 base pairs (bp), and the
sequences are degenerate (9), while residing in usually
long non-coding sequences where the chance for the
random occurrence of a sequence similar to a CRBS is
high. Second, there is no general pattern in CRBSs; any
segment of a sequence can be potentially a CRBS as long
as there is a TF that can speciﬁcally bind it. Third, these
sequence-based cis-regulatory motif prediction algorithms
attempt to model the 3D protein–DNA interaction events
with a sequence pattern ﬁnding problem, which cannot
possibly capture all of the biophysical aspects of the pro-
tein–DNA interactions, thus a rather high false positive
prediction rate is almost unavoidable. This might explain
why all the surveyed motif-ﬁnding programs can only pre-
dict at most 40% known binding sites, although diﬀerent
algorithms may have complementary predictions (29,30).
In this article, we have developed a novel algorithm
called ‘GLECLUBS’ (GLobal Ensemble CLUsters of
Binding Sites) for the genome-wide de novo prediction of
CRBSs in prokaryotic genomes by circumventing these
diﬃculties. We have applied it to the E. coli K12 and
B. subtilis genomes, where a relatively large number of
CRBSs are known for validation purposes. The algorithm
has achieved rather high prediction accuracy and robust-
ness, and it outperforms the prior algorithms compared.
The software package is freely available upon request.
MATERIALS AND METHODS
Materials
The protein sequences, genome sequences and their anno-
tation ﬁles of a total of 139 g-proteobacteria and 124
ﬁrmicutes were downloaded from the NCBI RefSeq
database at (ftp://ftp.ncbi.nih.gov/genomes). The known
CRBSs of E. coli K12 and B. subtilis were downloaded
from RegulonDB v6.0 (35) and DBTBS release 5 (2),
respectively. Known and predicted TFs were downloaded
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ray dataset from E. coli K12 collected under 380 experi-
ments using the Aﬀymetrix platform were downloaded
from the M
3D database (37).
The design of the algorithm
The GLECLUBS algorithm is based on a comparative
genomics approach and its ﬂowchart is shown in
Figure 1. Given a target genome, e.g. E. coli K12, for
which we want to predict all possible CRBSs, we ﬁrst
select a group of closely related reference genomes using
a new method (see below). For each operon o in the target
genome, we identify its orthologous operons in all the ref-
erence genomes, and extract their corresponding upstream
inter-operonic sequences to form a sequence set Io.W e
assume that some sequences in Io share some similar
CRBSs for a set of orthologous TFs encoded in the
target genome and some of the reference genomes.
Based on this assumption, and for the convenience of dis-
cussion, we loosely deﬁne a cis-regulatory motif as the set
or a subset of the binding sites of a TF in the target
genome and of its orthologs in the reference genomes.
Since the existing motif-ﬁnding algorithms can only pre-
dict a small fraction of the true CRBSs present in the input
intergenic sequences, and diﬀerent algorithms produce
complementary predictions (29,30), we applied multiple
(k) complementary motif-ﬁnding algorithms to each
sequence set Io to harvest as many true binding sites as
possible. In addition, since a motif with the highest score
returned by a motif-ﬁnding algorithm may not necessarily
be the true binding motif, a relatively low-ranked predic-
tion can be a true one instead (29,30), we kept the top mi
motifs found by the i-th motif-ﬁnding algorithm to include
even more true binding sites. All these putative motifs are
designated the input motifs. In order to separate the cor-
rectly predicted motifs from spurious ones in the set of
input motifs, we computed the similarity scores between
pairs of input motifs using a new metric (see below), and
constructed a weighted graph called the motif similarity
graph, in which a node represents an input motif, and
two nodes are connected by an edge if and only if the
similarity score between their corresponding input motifs
is greater than a preset cutoﬀ b with the similarity score
being the weight of the edge (Figure 2). We reason that a
true motif is more likely to be predicted by multiple tools
than are spurious ones, when based on the same inter-
operonic sequence set associated with an operon in the
target genome if its binding sites are conserved beyond a
certain level. Furthermore, a true motif is also more likely
than a spurious one to have multiple similar motifs pre-
dicted in diﬀerent sets of inter-operonic sequences asso-
ciated with diﬀerent operons, simply because all of these
operons are regulated by the same TF, and therefore are
expected to contain similar CRBSs. In other words, true
binding site motifs are more likely to form highly con-
nected sub-graphs with high weights on the edges in the
motif similarity graph than are spurious ones, because the
probability for multiple similar spurious motifs to occur
by chance should be low. Our algorithm was then designed
to identify ‘condensed sub-graphs’ as possible true binding
site motifs. However, due to the degenerate nature, the
similarity between two subsets of a motif may not be sig-
niﬁcantly high (see below), making our task of ‘separating
true motifs from spurious ones’ in a single step not easy.
To overcome this diﬃculty and ﬁnd the condensed sub-
graphs, we designed a graph clustering algorithm that
iteratively constructs and clusters graphs to gradually
ﬁlter out the spurious motifs in the motif similarity
graph (Figure 1). We found that only three iterations
were needed to asymptotically converge on the optimal
prediction accuracy. We then reﬁned the resulting sub-
graphs/clusters, and ranked them according to the quality
of the best motif that each cluster contains. Each top-
ranked cluster is predicted to be a putative cis-regulatory
binding motif, and the genes associated with it are pre-
dicted to form a regulon.
Predictions of orthologs and operons
Orthologous proteins and their genes between two gen-
omes were predicted by the bidirectional best hits
Select reference genomes
Identify quasi-cliques for 
each sub-graph. For each 
quasi-clique, find the best 
motif in the sequences from 
target genome.
Extend sequences in each 
cluster, and find the best motif 
with automatically-detected 
width for each cluster.
C B A
For each operon o in the target genome,
construct inter-operonic sequence set Io.
Apply k motif finding tools to each
Io, and each tool i returns its top
 mi motifs, which form the input motifs.
Compute the similarity score between
pairs of motifs, and construct the motif
similarity graph using a score cutoff β.
Cut the similarity graph into smaller sub-
graphs (clusters) using the MCL algorithm.
Refine and rank the resulting clusters,
and each cluster is predicted to be a
binding site motif.
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Figure 1. Flowchart of the GLECLUBS algorithm for genome-wide
de novo CRBS predictions.
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cutoﬀ 10
–20 for both searches. Operons in each genome
were predicted by the algorithm described in (39), which
performed best among all other predictors when evaluated
by Brouwer et al. (40).
Selection of reference genomes
Since gene transcription regulatory networks tend to
evolve very rapidly (41,42), we selected a genome as a
reference genome not only based on its evolutionary rela-
tionship to the target genome, but also based on its shared
gene transcription regulatory networks with the target
genome. To this end, we represented the distribution of
a total of n known and predicted TFs of the target genome
(downloaded from DBD database (36)) in a related
genome Gj by a bit vector Gj(b1, b2,...,bi,...,bn), where
bi=1, if the i-th TF of the target genome has an ortholog
in Gj, otherwise bi=0. The Hamming distance between
each pair of these TF distribution vectors was used to
construct a neighbor-joining tree. We typically selected a
monophyletic group including the target genome in this
tree as reference genomes with too closely related genomes
removed, and each genome has orthologs of at least 25%
TFs in the target genome. We have selected this cutoﬀ as it
can generally include moderately related genomes accord-
ing to other phylogenetic information (e.g. 16S RNA
genes trees, data not shown), but exclude closely related
parasitic genomes that are known to have a simpler gene
transcriptional regulatory network due to their tremen-
dous genome reductions. Using this criterion, we selected
55 from 139 sequenced g-proteobacteria, and 17 and 33
from 124 sequenced ﬁrmicutes as the reference genomes
for the CRBS predictions in E. coli K12 (Figure S1),
B. subtilis (Figure S2) and S. oneidensis (Figure S3)
respectively.
Prediction of input motifs
Let Gt be our target genome and GR be the set of m ref-
erence genomes G1, G2,...,Gm. Each gene g in Gt and its
orthologs in all of the genomes in GR consist of an ortho-
logous group Og. For each Og, we extract up to 800 bases
upstream inter-operonic region of each gene in Og to form
a sequence set Jg according to the predicted operon struc-
tures in Gt and GR, and we say that Jg is associated with
gene g. The union of all fJgg associated with each gene g in
an operon o of the target genome forms a larger inter-
operonic sequence set Io if it contains at least ﬁve
sequences, and we call that Io is associated with the
operon o. That is, Io=[g2o Jg. We apply k motif-ﬁnding
tools to each Io, and the i-th tool returns its top mi pre-
dicted motifs. All the tools return the same length motifs
at this point. Thus, there are  k
i¼1mi motifs identiﬁed from
each Io. If there are n operons in the target genome, we will
end up with a total of n k
i¼1mi input motifs. In order to
distinguish the true motifs from the spurious ones in these
input motifs based on the assumption that a true motif is
likely to have multiple similar copies in these input motifs,
whereas a spurious one will not, we need to compute the
similarity between a pair of input motifs. Although several
metrics have been developed previously to quantify the
similarity of sequence motifs (43–46), none of them
resulted in a satisfactory results for our purpose (see
‘Results’ section), therefore we deﬁne the following metric.
Computing the similarity between two sequence motifs
Let M be a sequence motif containing n sequences with
length L, andFM ¼ðfMðb,iÞÞ4 L be the base frequency
matrix of the motif M. The proﬁle matrix of M is deﬁned
as,
PM ¼ð PrfMðb,iÞÞ4 L ¼ log
PMðb,iÞ
qðbÞ
  
4 L
: 1
where pM(b,i) is the probability of base b appearing at
position i of the motif M, and q(b) is the probability of
base b appearing in the background sequences. A pseudo-
count is added when computing these probabilities.
Figure 2. Construction of the motif similarity graph. Multiple (k)
motif-ﬁnding tools are used and each predicts multiple motifs in each
inter-operonic sequence set Io. All the predicted motifs form the set of
input motifs. A node in the motif similarity graph represents a motif.
Two nodes are connected if their corresponding motifs have a similarity
score  b with the score being the weight on the edge (not shown for
clarity). A solid line represents an edge between two nodes associated
with two diﬀerent Io, and a dashed line represents an edge between two
nodes associated with the same Io.
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matrix PM is deﬁned as,
Iði,PMÞ¼
X
b2fA,C,G,Tg
pMðb,iÞ PrfMðb,iÞ: 2
Let M1 and M2 be two motifs with proﬁle matrices P1 and
P2, frequency matrices F1 and F2, and n1 and n2 sequences,
respectively. To compare motif M1 and M2, we ﬁrst scan
M2’s frequency matrix F2 with M1’s proﬁle matrix P1 to
ﬁnd all the optimal alignments without gaps in the middle
between the frequency matrix F2 and the proﬁle matrix P1,
denoted by the set A1,2. An optimal alignment s 2 A1,2,
is deﬁned as the alignment of the columns of F2 and P1
that maximize the number of columns fig satisfying
 b f2ðb,sðiÞÞPrf1ðb,iÞ
  
  0 (Figure S4). We deﬁne the like-
lihood score for P1 to generate F2 as
ScoreðP1,F2Þ
¼
max
s2A1,2
P EndðsÞ
i¼StartðsÞ
Iði,P1Þ 
P
b
f2ðb,sðiÞÞ   Prf1ðb,iÞ ðÞ
  
n2
P L
i¼1
Iði,P1Þ max
b
ðPrf1ðb,iÞÞ
   ;
3
Similarly, we deﬁne the likelihood score for P2 to generate
F1 as,
ScoreðP2,F1Þ
¼
max
s2A2,1
P EndðsÞ
i¼StartðsÞ
Iði,P2Þ 
P
b
f1ðb,sðiÞÞ   Prf2ðb,iÞ ðÞ
  
n1
P L
i¼1
Iði,P2Þ max
b
ðPrf2ðb,iÞÞ
   ;
4
Notably, the denominators of the two score functions are
the upper bounds of their numerators, which are used to
normalize the scores. We then deﬁne the (motif-motif)
similarity score between M1 and M2 as
SimðM1,M2Þ¼
ðScoreðP1,F2ÞþScoreðP2,F1ÞÞ
2
5
Note that we use the information content of each column
to attenuate the inﬂuence of the low information parts,
and to enhance the eﬀect of the high information parts
of the proﬁle on the similarity score.
We computed the similarity between any two motifs
from diﬀerent inter-operonic sequence sets. For the
motifs from the same inter-operonic sequence set, we
only calculated the similarity between the pair of motifs
whose sequences from the target genome have a large
overlap ( 50%).
To compute the similarity scores between sub-motifs
of a known motif that has n known binding sites (we
only consider the motifs that have at least three binding
sites), we randomly selected (n   k þ 1) sub-sets (sub-
motifs) of size k with replacement from the n binding
sites, k ¼ 1,:::,n. Therefore, there are nðn þ 1Þ=2 sub-
motifs for each known motif. Pair-wise similarity scores
among these sub-motifs were then computed for each
known motif.
Prediction of cis-regulatory motifs
We predicted all possible CRBSs in the target genome
through the following algorithm.
Step 1. Construct the motif similarity graph. Given the
computed similarity scores between pairs of input
motifs, we constructed the motif similarity graph using
the input motifs as the nodes. We connected any two
nodes if the similarity score between their corresponding
motifs was greater than a preset cutoﬀ b, and assigned the
similarity score as the weight of the edge.
Step 2. Cut the motif similarity graph into smaller
subgraphs. The above constructed motif similarity graph
was usually very large. To eﬃciently cut this graph into
smaller condensed subgraphs, we applied the Markov
clustering (MCL) algorithm (47) to the graph. MCL itera-
tively computes random walks determined by a Markov
chain through alternately executing two operators (expan-
sion and inﬂation) on a stochastic matrix. We kept the
resulting clusters that contained at least three input
motifs for further analysis, and discarded the rest.
Step 3. Find cliques from each of the resulting subgraphs
obtained by MCL. For each node in a subgraph obtained
by MCL, we found a clique associated with it. This can be
done by repeatedly deleting its neighbor node with the
minimum-degree, until a clique is formed (Figure S5). If
at least two nodes have the same minimum degree, we
break the tie by deleting the node with the minimum
sum of weights of its incident edges. Although ﬁnding
all the cliques with maximal nodes in a large graph is
impossible because the Maximum Clique Problem is NP-
hard (48), this greedy algorithm searches for exactly one
clique associated with each node, and thus is rather fast
(for a node v with degree dv, its time complexity is Od 2
v
  
;
and since the graph is sparse, v is usually small). We dis-
carded the nodes/motifs that were not included in a clique.
Note that a node could appear in multiple diﬀerent cliques
identiﬁed by this algorithm.
Step 4. Construct quasi-cliques by merging cliques. We
noted that cliques were too strict for clustering the binding
sites of the same motif, as many known binding sites of the
same motif were separated into diﬀerent cliques due to
their low similarity; therefore we needed to combine
them. To this end, we ﬁrst deleted the redundant cliques,
and computed the overlapping rate of two cliques Ca and
Cb, deﬁned as
rab ¼
jCa \ Cbj
minfjCaj,jCbjg
, Rab ¼
jCa \ Cbj
maxfjCaj,jCbjg
:
If rab>d and Rab>e, where d and e are two preset cutoﬀ
values, and d > e, then we merged Ca and Cb into a
so-called quasi-clique Qab (  ¼ 0:9 and e ¼ 0:7 in our cur-
rent applications). Notably, a node could appear in diﬀer-
ent quasi-cliques due to its appearance in multiple cliques.
Step 5. Construct target genome specific non-overlapping
sequence sets. For each quasi-clique, we extracted the
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lapping sequences to form a target genome-speciﬁc
sequence set.
Step 6. Predict renewed motifs. We applied a motif-ﬁnding
tool (MEME) to each of the constructed target genome
speciﬁc sequence sets, and kept the best motif, which we
called a renewed motif and discarded the rest of sequences
in the set.
Step 7. Cluster the renewed motifs. We computed the sim-
ilarity scores between pairs of renewed motifs and
repeated steps 1 and 2 to group these motifs into new
clusters.
Step 8. Merge and extend sequences in each cluster. We
ﬁrst merged the sequences in each new cluster into a
new non-overlapping sequence set. To ﬁx the drawbacks
of using a ﬁxed length in our motif-ﬁnding processes so
far, we then extended each sequence on both ends by a
ﬁxed length (10 bases) by padding its ﬂanking genome
sequences.
Step 9. Repeat Steps 6 and 7. For each extended non-over-
lapping sequence set, we used the motif-ﬁnding tool
MEME to ﬁnd the best motif with motif length being
automatically determined in the region 6–22bp, and
then grouped these motifs into clusters by repeating
Steps 6 and 7.
Step 10. Refine clusters. We applied MEME again to each
cluster obtained in Step 9 with motif length being auto-
matically determined in the region 6–22bp. The sequences
recovered by the top 10 motifs by MEME in each cluster
formed our ﬁnal predicted motifs in that cluster, since we
noted that MEME and other motif-ﬁnding tools tended to
ﬁnd diﬀerent parts of the same binding site motif in its
diﬀerent top-ranked predictions.
Step 11. Rank the predicted motifs/clusters. The resulting
clusters from Step 10 varied in terms of the quality of the
putative motif that each contained, and thus the likelihood
of their correspondence to a true cis-regulatory binding
motif. In addition, the same sequence could appear in dif-
ferent clusters, we needed to determine the most possible
cluster/motif to which it should belong. To this end, we
ranked the clusters according to the similarity of the
sequences in a cluster. For this purpose, we computed a
cluster quality score for each cluster deﬁned as
ClusterScore ¼ð n   logNÞ exp
1
L
X L
i¼1
Iði,PÞ
 !
,
where n is the number of sequences in the best L-length
motif found by MEME in step 10, Iði,PÞ is the information
content of column i of the proﬁle matrix P of the best
motif, and N is the number of sequences in the cluster.
A score similar to ClusterScore was also used in the
BioProspector algorithm to measure the quality of a
motif (49). We assume that a high ClusterScore means
high likelihood that the cluster corresponds to a true
cis-regulatory binding motif. Therefore, we ranked the
clusters/motifs in descending order according to their
ClusterScores as the ﬁnal output of the algorithm, and
considered the highest-ranked cluster as the motif to
which a sequence belongs if a sequence is assigned to
diﬀerence clusters. A cutoﬀ T can be used to predict the
top T clusters as cis-regulatory motifs encoded in the
target genome, according to the total number of TFs
encoded in the target genome or the saturation of
unique putative binding sites in the top T clusters.
RESULTS
The accuracy of operon predictions is a constraint on
phylogenetic footprinting based cis-regulatory motif
predictions
To insure the robustness of our algorithm and to popu-
larize it for other less well-studied genomes which usually
have no ample experimental data, we did not use the
experimentally determined operon structures in E. coli
K12. Instead, we predicted a total of 2396 operons includ-
ing 1556 singleton and 840 multi-gene operons in the
E. coli K12 genome, which cover 84.6% of the known
operon structures (39). Based on these operon predictions
as well as those in the 55 reference genomes, we con-
structed 2313 inter-operonic sequence sets {Io} associated
with the same number of operons in E. coli K12, each
contains at least ﬁve sequences (see ‘Materials and
Methods’ section). To evaluate the eﬀect of the accuracy
of operon predictions on the extraction of inter-operonic
sequences, and thus, the CRBS predication, we used all of
the 1642 known CRBSs (the 30 known binding sites of the
RNA genes were excluded for analysis) in RegulonDB
(v 6.0) to scan the predicted inter-operonic sequences in
the E. coli K12 genome. We found that 1411 (86%) known
CRBSs could be mapped to the predicted inter-operonic
sequences (Table 1), suggesting that under the current
state-of-the-art operon prediction accuracy, about 14%
of possible true binding sites will be missed, simply
because of incorrect operon predictions. This conclusion
is therefore in agreement with the operon prediction accu-
racy, as well as the ﬁnding by a recent survey study that
current operon prediction algorithm can only predict
about 80% known operon structures in E. coli K12 (40).
Therefore, the accuracy of operon predictions is a limiting
factor for identifying all possible CRBSs in a prokaryotic
genome using phylogenetic footprinting techniques.
Optimization of the combination and outputs of
motif-finding tools
Based on the recent survey studies on the performance of
the available motif-ﬁnding tools (29,30,50), our prelimi-
nary experiments on more than a dozen of these tools
for their complementarities and eﬃciency, as well as the
type of algorithm that they are based upon, we selected six
well-regarded ones for further evaluation of their perfor-
mance on recovering the 1411 known binding sites in the
extracted 2313 inter-operonic sequence sets {Io}o fE. coli
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MotifSampler (52), MEME (53), CONSENSUS (54) and
MDscan (55). Although diﬀerent motifs may have diﬀer-
ent lengths, most of these tools require specifying the
length of motifs to be predicted. To ﬁnd the optimal
motif length used in these programs, we have tested dif-
ferent lengths from 8 to 22bp with all these programs, and
found that the motif length 16bp performed best in reco-
vering the known CRBSs/motifs in our extracted inter-
operonic sequences sets {Io} (Figure S6). However, the
other motif lengths 14–22bp performed almost equally
well (Figure S6). Thus, the motif length parameter is
rather robust in the range of 14–22bp. We also noted
that the distribution of the motif lengths of the known
CRBSs in both RegulonDB and DBTBS were rather sim-
ilar (Figure S7), with 12–22bp being the most predomi-
nate lengths. We thus selected 16bp as the ﬁxed motif
length for these motif-ﬁnding tools in all our applications.
Note that we did not use any more recently developed
motif-ﬁnding tools that incorporate phylogenetic informa-
tion of the input inter-operonic sequences, because these
algorithms are mainly designed to predict CRBSs in
eukaryotic genomes (56–60), and they require multiple
sequence alignments or co-regulated genes as the inputs
in addition to a phylogenetic tree of the input intergenic
sequences. However, all these three pieces of information
are not easily obtained for prokaryotes, because ortholo-
gous intergenic sequences from most related prokaryotic
genomes cannot be reliably aligned, co-regulated genes are
usually unknown for most sequenced prokaryotic gen-
omes, and it is diﬃcult to construct a phylogenetic tree
that describes the evolution of all the inter-operonic
sequences in prokaryotes due to massive horizontal gene
transfer events during the course of their evolution.
As shown in the second column of Table 2, of the 1411
known CRBSs that were correctly extracted in the inter-
operonic sequences, only 168–355 (12–25%) could be
identiﬁed by these six programs as their best predictions.
However, these programs did show complementary pre-
diction eﬀect, as 731 (52%) of these 1411 CRBSs could be
jointly predicted by these six programs as their best pre-
dictions, even though this coverage was still not high
enough. However, when multiple top motifs found by
each tool were considered, the coverage of the 1411
CRBSs increased remarkably (Table 2). For instance, if
each tool returned its top 25 motifs, then 1389 (98.4%) of
these 1411 CRBSs could be recovered. Clearly, the more
predicted motifs each tool returns, the more these 1411
CRBSs can be recovered. Nevertheless, too many motifs
returned by each tool would also tremendously increase
the spurious predictions, thus complicating the sequential
steps of the algorithm. Furthermore, the number of the
recovered known CRBSs actually entered a saturation
phase when each tool returned more than 15 motifs
(Table 2). We also noted that although these tools were
in general complementary to one another, they did not
perform equally well (Table 2). Considering all of these
factors and by comparing diﬀerent combinations of the
number of output motifs for each tool as shown in
Table 3, we selected a total of 40 motifs from the outputs
of ﬁve of the six tools for each inter-operonic sequence set
Io, which included the top 15 of MEME, the top 10 of
BioProspector, and the top ﬁve of CUBIC, MDscan, and
MotifSampler, respectively. The results from the
CONSENSUS program were not used since almost all
of its predictions were covered by other programs
(Table 3). Therefore, we had a total of 2313 (Io) 
40=92520 input motifs for the E. coli K12 genome,
Table 1. Recovery of known binding sites and motifs by GLECLUBS in E. coli K12 and B. subtilis
Genome Binding sites
or motifs
RegulonDB/DBTBS
a Contained in
inter-operonic
sequences
b
Recovered by
motif-ﬁnding
tools
Recovered by the
top clusters
c
Final recovery
rate
Escherichia coli K12 Binding sites 1642 1411 (86%) 1316 (93%) 1065 (81%) 64.8%
Motifs 125 122 (98%) 119 (97%) 112 (94%) 89.6%
Bacillus subtilis Binding sites 568 481 (85%) 450 (94%) 357 (79%) 62.9%
Motifs 99 98 (98%) 98 (100%) 86 (88%) 86.9%
aRedundant binding sites in RegulonDB and DBTBS are removed and binding sites for RNA genes are not considered in this study.
bThe percentage in a brace is the recovery rate at that step of the prediction pipeline based on the previous step.
cThe top 400 and 300 clusters predicted in E. coli K12 and B. subtilis, respectively.
Table 2. The performance of motif-ﬁnding tools on the recovery of known binding sites and motifs in E. coli K12
Tools Top 1 Top 5 Top 10 Top 15 Top 20 Top 25
MEME 298/83 877/109 1134/115 1202/117 1233/117 1254/117
BioProspector 354/85 743/103 953/112 1056/112 1150/116 1181/116
CUBIC 242/75 563/98 791/108 905/109 999/111 1062/114
MDscan 355/82 552/96 634/99 684/102 758/107 793/109
MotifSampler 168/61 486/92 612/102 729/102 792/107 831/108
Consensus 168/63 186/68 200/74 210/76 214/76 220/76
Total 731/106 1145/117 1301/118 1355/119 1379/119 1389/119
A known binding site is considered being recovered if a half length of its sequence is identiﬁed (the ﬁrst number); and a known motif is considered
being recovered if more than 20% of its known binding sites are recovered.
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in the extracted inter-operonic sequences (Table 3).
These 1316 identiﬁed known binding sites belong to 119
motifs (Table 1). Obviously, most of the 92520 input
motifs were spurious predictions; thus, the objective of
our algorithm was to identify the true binding sites
from the spurious ones. We used these 1316 known
CRBSs identiﬁed by the ﬁve tools in the whole set of
92520 input motifs containing a very large number of
sequences ( 10
6) to evaluate the performance of our
algorithm.
Our motif similarity metric outperforms the exiting
metrics in separating relevant motifs from irrelevant ones
There are typically about 10
5 putative motifs in the set of
input motifs. In order to facilitate the separation of true
motifs from spurious ones in the motif similarity graph,
we need a motif similarity metric that not only accurately
measures the similarity between pairs of input motifs, but
also can be eﬃciently computed. Speciﬁcally, we sought
for a motif similarity metric that gives a high score for two
relevant motifs, i.e. two sub-motifs of the motif of a TF,
but a low score for two irrelevant motifs, i.e. two motifs
for evolutionarily unrelated TFs or two spurious motifs.
To this end, we designed a metric, and have compared it
with six existing metrics for their capability of diﬀerentiat-
ing between relevant motifs and irrelevant ones. These
compared existing metrics include Pearson correlation
coeﬃcient (PCC), average Kullback–Leibler (AKL, or
relative entropy), average log-likelihood ratio (ALLR),
1 P-value of Chi-square (pCS), sum of squared distances
(SSD) [for a survey of these metrics, see (45)] and asymp-
totic covariance (AC) (46) (see Supplementary Method for
the calculation of these metrics). As shown in Figure 3A,
we plotted the distribution of the normalized motif simi-
larity scores computed by each of these metrics among the
input motifs (solid lines) and that of the normalized scores
computed by each of these metrics among randomly
selected sub-motifs of a known motif in RegulonDB
(dashed lines). Since the majority of the input motifs
are irrelevant to one another, a good metric should
well-separate the bulk of the distribution of the scores
among the input motifs and that of the scores among
the sub-motifs of a known motif. As shown in
Figure 3A and B, of all the metrics examined, our
metric resulted in the smallest overlap between the distri-
bution of the similarity scores among the input motifs and
that of the similarity scores among the randomly selected
(see ‘Materials and Methods’ section) sub-motifs of a
known motif, suggesting that our metric outperforms
these existing metrics in separating the relevant motifs
from irrelevant ones. In other words, with our metric, a
similarity score cutoﬀ b can be chosen, such that as many
as possible nodes that represent the sub-motifs of the
motif of a TF are connected, while as many as possible
nodes that represent sub-motifs of motifs of diﬀerent TFs
or of spurious motifs are disconnected. Therefore, the sim-
ilarity graph constructed using our metric will have the
sparsest edges while the relevant motifs are still likely to
be connected. For example, with our metric, 85% of ran-
domly sampled sub-motifs of known motifs had a raw
similarity score greater than 0.05, and the graph con-
structed with this cutoﬀ b=0.05 contained only 1.6%
of all possible edges of the motif similarity graph. In con-
trast, with the PCC metric, 85% of the sub-motifs of the
known motifs have a raw similarity score greater than
0.35, but the graph constructed with this cutoﬀ b=0.35
contained 6.5% of all possible edges. Therefore, the
motif similarity graph constructed using our metric will
facilitate the our purpose to separate true motifs from
spurious one, as it is easier to identify the highly connected
subgraphs as possible true binding site motifs in a sparsely
connected graph than in a densely connected one.
Notably, although Mahony and coworkers (45) found
that PCC and SSD were more eﬃcient than the others
to detect the similarities between familiar binding motifs,
they are clearly not suitable for our purpose to separate
true motifs from the spurious ones. This is because these
two metrics in addition to AKL are biased to the correla-
tion between the columns of the two compared motifs,
whereas most of our predicted true motifs in the input
motifs were partial, thus these metrics tend to score
them low.
Table 3. Combinatory eﬀects of diﬀerent motif-ﬁnding tools and their outputs on the recovery of known binding sites and motifs
Combination of the tools and the number of their
outputs (in braces)
Total number
of motifs returned
Number of binding
sites recovered
Number of motifs
recovered
ME(5)+BP(5)+CU(5)+MD(5)+MS(5)+CS(5) 30 1145 117
ME(5)+BP(5)+CU(5)+MD(5)+MS(5) 25 1144 117
ME(10)+BP(10)+CU(5)+MD(5)+MS(5) 35 1284 118
ME(10)+BP(10)+CU(10)+MD(10)+MS(10) 50 1300 118
ME(10)+BP(10)+CU(10)+MD(10)+MS(10)+CS(10) 60 1301 118
ME(10)+BP(10)+CU(10)+MD(5)+MS(5) 40 1292 118
ME(10)+BP(15)+CU(5)+MD(5)+MS(5) 40 1305 118
ME(15)+BP(10)+CU(5)+MD(5)+MS(5) 40 1316 119
ME(15)+BP(15)+CU(5)+MD(5)+MS(5) 45 1333 119
ME(15)+BP(20)+CU(5)+MD(5)+MS(5) 50 1342 119
ME(20)+BP(15)+CU(5)+MD(5)+MS(5) 50 1345 119
ME(20)+BP(20)+CU(5)+MD(5)+MS(5) 55 1353 119
ME: MEME; BP: BioProspector; CU: CUBIC; MD: MDscan; MS: MotifSampler; CS: CONSENSUS. The combination shown in bold is adapted in
our algorithm.
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separation of relevant motifs from irrelevant ones
As shown in Figure 3C, the distribution of the motif sim-
ilarity scores of the input motifs found by using the
55 reference genomes selected by our method is left-shifted
compared with that of the input motifs found by using the
64 reference genomes selected by the conventional
method, and that of the input motifs found by using all
the sequenced 139 g-proteobacterial genomes. Therefore
the bulk of the distribution of the motif similarity scores
of the input motifs found by using the 55 reference gen-
omes has least overlap with that of the similarity scores of
the sub-motifs of a known motif in RegulonDB, indicating
that the reference genomes selected by our method are
more likely to facilitate the separation of true CRBSs
from the spurious ones than are the reference genomes
selected by the conventional method. However, the distri-
bution of the motif similarity scores of the input motifs
found by using the more closely related 16 genomes that
form a monophyletic group from these 55 genomes
(Figure S1) is right-shifted compared with that of the
input motifs found by using these 55 reference genomes,
suggesting that reference genomes that are too closely
related to the target genome does not improve the motif-
ﬁnding due to their insuﬃcient evolutionary divergence.
Taking together, all these results suggest that the inter-
operonic sequence sets from the 55 reference genomes
are more likely to facilitate the separation of true binding
sites from spurious ones than from the 16, 64 and 138
reference genomes tested. Furthermore, the distribution
of the similarity scores of the input motifs found in {Io},
each of which is the union of inter-operonic sequence
set Jg associated with each gene g in operon o, is also
left-shifted compared with that of the input motifs
found in fJgg (Figure 3C), indicating that using Io for
input motif discovery is more likely to facilitate the
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using Jg.
Selection of the motif similarity score cutoff for the
construction of motif similarity graphs
However, even using our motif similarity metric and these
55 selected reference genomes, the distribution of the sim-
ilarity scores among the input motifs for the E. coli K12
genome still has a considerable overlap with that of the
similarity scores of the sub-motifs of a known motif
(Figure 3C). On other hand, Figure 3C shows that the
optimal value of b that maximally separates these two
distributions should lie around 0, although such a
b value would still lead to a similarity graph in which
some spurious motifs were connected, while some true
ones were disconnected, suggesting that it is very challen-
ging to separate the true motifs from spurious ones in a
single step. Nonetheless, to ﬁnd the possible optimal value
of b, we have tested the b values in the range of [0, 0.5] for
their recovering of known CRBSs in E. coli K12 identiﬁed
by the ﬁve motif-ﬁnding tools, as we noted that it became
impractical to eﬀectively cut the similarity graph using the
MCL algorithm (47) when b<0 due to the too high den-
sity of the resulting graph, which is deﬁned as the number
of nodes divided by the number of edges in the graph. This
observation is not surprising, because as shown in
Figure S8, the density of the similarity graph increases
rapidly when b becomes less than 0. Nonetheless, our
algorithm performed almost equally well with b in the
range of [0, 0.1], though the recovered known CRBSs
dropped sharply when b>0.1 (Figure S8), suggesting
that the parameter b is also very robust in the range of
[0, 0.1]. Accordingly, we chose b=0.05 in this study to
construct the initial motif similarity graph, which is a
rather low cutoﬀ, since it includes 99.7% of input motifs
with at least one neighbor in the similarity graph of E. coli
K12 (Figure S8). However, as mentioned earlier, the graph
constructed contains only 1.6% of all possible edges, thus,
is rather sparse.
Prediction of CRBSs in E. coli K12—sensitivity and
specificity of the algorithm
The ﬁnal output of our algorithm is a list of ranked
clusters of putative CRBSs. Each cluster presumably cor-
responds to a cis-regulatory motif recognized by a TF
encoded in the target genome. Operons that are presum-
ably regulated by the binding sites in each cluster are pre-
dicted to form the regulon of the TF. Ideally, the higher
the rank of a cluster/motif/regulon, the higher conﬁdence
we have for the prediction. Furthermore, if the target
genome encodes a total of T TFs, then the top T clus-
ters/motifs of our prediction should largely cover the bind-
ing sites of these T TFs. In order to evaluate our algorithm
according to these criteria, we ﬁrst applied it to the E. coli
K12 genome using the 55 reference genomes (Figure S1).
We ﬁrst computed the recovery of the 1316 known bind-
ing sites in the input motifs by our top-ranked clusters. As
shown in Figure 4A, with the increase in the number of
top-ranked clusters, the cumulative recovery rate by the
top-ranked clusters of these known binding sites in the
input motifs increased very rapidly for the top 200 clus-
ters, which recovered 71% of the known binding sites in
the input motifs, and then it entered a saturation phase
with slow linear increase around the top 300–400 clusters.
With the top 400 clusters, our algorithm recovered 1065
(81%) of the 1316 known binding sites in the input motifs.
We then computed the recovery rate by our top-ranked
clusters of the 119 known motifs to which these 1316
known binding sites in the input motifs belong. We con-
sidered that a known motif was recovered by our predic-
tion if more than 20% of its known binding sites were
included in one of the top-ranked clusters. As shown in
Figure 4B, again, with the increase in the number of top-
ranked clusters, the cumulative recovery rate of known
motifs by our top-ranked clusters increased even more
rapidly for the top 200 clusters, which recovered 107
(90%) of the 119 known motifs, and then it entered a
saturation phase with little increase around the top
300–400 clusters. With the top 400 clusters, our algorithm
recovered 94% (112/119) these 119 known motifs.
Therefore, our algorithm achieved rather high sensitivity
in predicting the known binding sites as well as the known
motifs. Interestingly, the E. coli K12 genome is estimated
to encode a total of 271–400 TFs (including predicted and
experimentally characterized) (41,61,62), if these 119
known motifs were characterized by experimentalists ran-
domly, then the saturation of the recovery rate of these
known motifs around the top 300–400 clusters (Figure 4B)
suggests that our top 400 clusters should have covered at
least 20% binding sites for almost all of these 271–400 TFs
encoded in the E. coli K12 genome. Furthermore, the rap-
idly increasing phase of the recovery rates of both known
binding sites and known motifs in the input motifs sug-
gests that the higher the rank of a cluster, the higher the
likelihood that it is a true binding site motif.
To estimate the speciﬁcity of our predictions, we plotted
the number of cumulative unique predicted binding sites
(the overlap between any two sequences is fewer than eight
bases) as a function of the rank of our top 1000 clusters.
As shown in Figure 4C, the number of cumulative pre-
dicted unique binding sites increased in a way very similar
to the cumulative recovery rate of the known binding sites
with the increase in the number of top-ranked clusters
(Figure 4A), and it saturated at 6662 around the top 400
clusters. This relatively small number (6662) of predicted
unique binding sites compared with the 92520 putative
binding sites from the E. coli K12 genome in the input
motifs and its saturation indicate that most sequences in
our input motifs have been ﬁltered out by our algorithm,
and that most of them are likely spurious predictions.
Therefore, our algorithm could eﬀectively separate the
true binding sites from the spurious ones. Furthermore,
the fact that these 6662 unique putative binding sites
recovered 1065 of 1316 known binding sites in the 92
520 putative binding site from the E. coli K12 genome
(P<10
–13, according to a hyper-geometric distribution)
strongly suggests that our algorithm has likely achieved
high prediction speciﬁcity, although it is diﬃcult to esti-
mate this number accurately. The clusters that were
ranked after 400 were generally small in size as shown in
Figure 4D, and contained motifs of low quality, and thus
e72 Nucleic Acids Research,2009, Vol. 37,No. 10 PAGE 10 OF21were ranked low. The overlap of sequences in diﬀerently
ranked clusters was caused by the clique ﬁnding and
quasi-clique construction procedures of our algorithm
(see ‘Materials and Methods’ section), in which an input
motif can be assigned to multiple quasi-cliques due to
ambiguity of motif similarity (Figure 3A). However, it
was the clique ﬁnding and quasi-clique construction pro-
cedures that ﬁltered out most of spurious motifs.
Although most of the known binding sites (81%) were
located in the top 400 clusters (Figure 4A), some were
also located in clusters ranked after 400 due to such over-
lap. However, the top ranked clusters contained more
A
D C
Rank of clusters Rank of clusters
R
e
c
o
v
e
r
y
 
o
f
 
k
n
o
w
n
 
b
i
n
d
i
n
g
 
s
i
t
e
s
Rank of clusters E
Rank of clusters
P
r
e
d
i
c
t
e
d
 
b
i
n
d
i
n
g
 
s
i
t
e
s
s e t i s g n i d n i b f o r e b m u N s r e t s u l c f o k n a R
P
e
r
c
e
n
t
a
g
e
 
o
f
 
o
p
e
r
o
n
s
F
B
R
e
c
o
v
e
r
y
 
o
f
 
k
n
o
w
n
 
m
o
t
i
f
s
E. coli K12
B. subtilis
P
r
e
d
i
c
t
e
d
 
u
n
i
q
u
e
 
b
i
n
d
i
n
g
 
s
i
t
e
s
N
u
m
b
e
r
 
o
f
 
k
n
o
w
n
 
b
i
n
d
i
n
g
 
s
i
t
e
s
E. coli K12
B. subtilis
E. coli K12
B. subtilis
S. oneidensis
E. coli K12
B. subtilis
S. oneidensis
RegulonDB
Figure 4. Evaluation of the top-ranked clusters. (A) Cumulative recovery rate of the known binding sites in the input motifs by the top-ranked
cluster, computed as the ratio of the number of cumulative known binding sites recovered in top-ranked clusters to the number of known binding
sites in the set of input motifs. (B) Cumulative recovery rate of the known motifs that have binding sites in the input motifs by the top-ranked
clusters, computed as the ratio of the number of cumulative known motifs recovered in top-ranked clusters to the number of known motifs in the
input motifs. (C) The number of cumulative unique putative binding sites in the top ranked clusters as a function of the rank of clusters. (D) The
number of predicted binding sites of E. coli K12 in the top 1000 clusters. (E). The number of known binding sites recovered by the top 1000 clusters
in E. coli K12 by each cluster (dashed line), and by each 20 consecutively ranked cluster group (solid line). (F). The distribution of the number of
putative binding sites of the top 400, 300 and 300 clusters in the inter-operonic regions of E. coli K12, B. subtilis and S. oneidensis, respectively, and
the distribution of known binding sites in RegulonDB in the inter-operonic regions in E. coli K12.
PAGE 11 OF 21 Nucleic Acids Research,2009, Vol.37, No. 10 e72known binding sites than low-ranked ones (Figure 4E).
Thus, we believe that the motif determined by the high-
est-ranked cluster of a sequence is the most possible motif
to which the sequence belongs. Furthermore, since the
recovery rate of known binding sites and motifs, and the
cumulative unique putative binding sites all became satu-
rated around the top 400 clusters, we consider the top 400
clusters as possible cis-regulatory motifs encoded in the
E. coli K12 genome. The top 20 clusters are summarized
in Figure 5. As shown in this ﬁgure, ﬁve of these top 20
clusters are highly enriched for known binding sites for
seven TFs. In addition, although neither all of our the
motif-ﬁnding tools were set, nor our algorithm was
designed to identify motifs with special structures, more
than half (12) of the top 20 clusters have palindromic,
tandem repeat, or direct repeat structures (Figure 5), sug-
gesting that they are highly likely to be true binding sites.
The predicted binding sites and the recovery of known
binding sites in the top 400 clusters are available at our
webpage (http://gleclubs.uncc.edu/pbs).
To evaluate the correspondence of the top-ranked clus-
ters and the known binding site motifs, we ﬁrst counted
the number of known motifs that have their binding sites
recovered by a top-ranked cluster. As shown in Figure 6A,
162 (40.5%) of the top 400 clusters contained binding sites
of the 112 known motifs. Of these 162 clusters, 110
(67.9%) and 29 (17.9%) clusters contained known binding
sites of one and two motifs, respectively; and only 23
clusters (14.2%) contained known binding sites of at
least three known motifs. Thus, the majority (85.8%) of
these 162 clusters corresponded to one or two known
motifs. There are two reasons that a portion of our clus-
ters contained binding sites of more than one known
motifs. First, the binding sites of some TFs have overlaps.
For instance, as shown in Figure 5, the binding sites of
CRP and FNR, which are overlapped in some promoters,
were clustered in the eighth cluster. Second, the binding
sites of some TFs of the same superfamily are very similar
to one another (63,64), thus were often clustered together.
For example, the binding sites of GalS, GalR and PurR,
which belong to the same protein family, formed the 11-th
cluster. These phenomena have also been noted by Qin
et al. (26). On other hand, the rest 238 (59.5%) of the
top 400 clusters did not contain any known binding sites
(Figure 6A). Interestingly, if the E. coli K12 genome
encodes 314 TFs (61), then there are 314 125=189
TFs, for which we still do not know the binding sites.
Based on the performance of our algorithm on the
known binding site motifs, we further argue that the
majority of these 238 of the top 400 clusters that contained
no known binding sites are likely to correspond to new
true binding site motifs, which is supported by gene
expression data shown later.
We then counted the number of the top-ranked clusters
that contain the binding sites of a known motif. As shown
in Figure 6B, the binding sites of 47.8% and 19.5% of the
112 known motifs recovered by our top 400 clusters were
clustered into 1, and 2 clusters, respectively. Thus, the
majority (67.3%) of known motifs were clustered into
less than three clusters in our top 400 clusters. One possi-
ble reason that the binding sites of some motifs were split
by our algorithm into multiple clusters was that the sim-
ilarity between some binding sites of the same motif can be
very low as indicated by the distribution of the similarity
scores among the sub-motifs of a known motif
(Figure 3A). For example, even though the 248 known
CRP binding sites form a palindromic motif, the informa-
tion content in even the most conserved columns is not
very high (Figure 7A). In fact, these 248 CRP binding sites
can be further divided into at least three sub-motifs; i.e., a
more information content-rich canonical palindromic sub-
motif (Figure 7B), a T-rich sub-motif (Figure 7C), and an
A-rich sub-motif (Figure 7D). These 248 known CRP
binding sites were mainly distributed in three clusters of
the top 400 clusters of our algorithm. Speciﬁcally, the
eighth (Figure 7E), the 72-th (Figure 7F) and the 178-th
clusters (Figure 7G) correspond to the palindromic cano-
nical, T-rich and A-rich CRP binding sub-motifs, respec-
tively. Interestingly, when the sequences of these three
clusters were combined, they formed a motif similar to
that of the 248 known CRP binding sites (Figure 7A).
CRP probably binds these distinct sub-motifs through
adapting diﬀerence structure conﬁgurations. Alterna-
tively, there are might be errors in the ‘known’ CRP bind-
ing sites: CRP might recognize the T-rich and A-rich
sub-motifs through other regulators. This phenomenon
has also been noted by Qin et al. (26).
Lastly, we analyzed the distribution of the predicted
binding sites of the top 400 clusters in the predicted
inter-operonic regions. Figure 4F shows that for the
majority of operons, their upstream inter-operonic regions
contained putative binding sites from less than 10 clusters
of the top 400 clusters. These putative binding sites
included the s-factor binding sites such as the 24-th clus-
ter corresponding to the  10 s
70-factor binding sites, and
the 89-th cluster corresponding to the  35 s
70-factor
binding sites (Figure S9). This distribution is generally in
good agreement with that of the known binding sites
(including s-factor binding sites) in the inter-operonic
regions in E. coli K12, where most operons are under con-
trol of 1 10 diﬀerent TF binding sites (Figure 4F) except
that the latter is left-shifted by one binding site relative to
the former. However, these two distributions are likely to
become more overlapped as more binding sites of more
TFs are characterized. Furthermore, the putative binding
sites of the top 400 clusters are distributed in the upstream
regions of 2224 (96%) of the 2313 operons, thus we have
predicted CRBSs for the most of the predicted operons in
the genome, which is the largest coverage of operons
achieved so far.
Validation of the CRBS and regulon predictions in
E. coli K12 using a compendium of microarray
gene expression datasets
To further validate our predicted CRBSs and regulons in
E. coli K12, we computed the PCC score between the
expression vectors for each pair of genes in each of the
top 400 clusters/regulons, as well as for each pair of
genes in each randomly selected 400 gene groups with
the corresponding number of genes in the top 400 clus-
ters/regulons (see ‘Materials and Methods’ section), using
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in E. coli K12 (37). As shown in Figure 3D, genes in our
predicted top 400 clusters tend to have higher absolute
values of PCC scores than do the randomly selected
gene groups (P<10
–15,  
2 test). Moreover, the distribu-
tion of the absolute values of PCC scores of the genes in
the clusters that do not contain known binding sites is
almost the same as that of genes in the clusters that con-
tain known binding sites (Figure 3D). These results
strongly suggest that we have achieved the same level of
prediction accuracy for the clusters that do not contain
known binding sites as for those that contain known bind-
ing sites. Hence, our algorithm is not biased to the clusters
that contain known binding sites, and therefore is very
robust. We consider those clusters that do not contain
known binding sites as putative new binding site motifs,
and the genes associated with them as putative new
regulons.
Prediction of CRBSs in B. subtilis—robustness of
the algorithm
To further test the robustness of our algorithm, we applied
it to the B. subtilis genome with exactly the same param-
eter settings as used for the E. coli K12 genome. In this
case, we selected 17 ﬁrmicutes as the reference genomes
that form a monophyletic clade in the tree of the 124
sequenced ﬁrmicutes (Figure S2). There are 568 known
CRBSs in B. subtilis as documented in DBTBS (2),
belonging to 99 motifs. We extracted a total of 2,400
inter-operonic sequence sets according to the predicted
operon structures in B. subtilis and the reference genomes.
Of the 568 known binding sites in B. subtilis, 481 (85%)
are located in the inter-operonic sequences according to
our operon predictions, belonging to 98 motifs; and 450
(94%) of the 481 binding sites were correctly predicted by
the motif-ﬁnding tools in the 96000 (2400 40) input
motifs, belonging to 98 motifs (Table 1). Interestingly,
the similarity scores among these 96000 input motifs
and that of the sub-motifs of the known motifs in
B. subtilis have similar distributions to those of the input
motifs and sub-motifs of the known motifs in E. coli K12,
respectively (Figure 3C). In addition, the density of the
motif similarity graph as a function of the cutoﬀ b is
also similar to that of E. coli K12 (Figure S8). As shown
in Figure 4A and B, the recovery rates of both known
binding sites and motifs increased very rapidly with the
increase in the rank of the clusters, and then entered sat-
uration phases at the top 300 clusters with small linear
increase as seen in E. coli K12, suggesting that as in
E. coli K12, high sensitivity of the prediction of individual
binding sites as well as of motifs was achieved in
B. subtilis. Similar to the predictions in E. coli K12, the
saturation of the recovery rate of the known binding sites
as well as motifs in the top-ranked clusters suggests that
the higher the rank of a cluster, the more likely it is a true
binding site motif. In addition, as in E. coli K12, the
number of cumulative unique putative binding sites satu-
rated at 6300 around the top 300 clusters (Figure 4C),
suggesting again that the spurious motifs were largely
ﬁltered out by our algorithm. However, note the faster
saturation of the recovery rates of binding sites, motifs,
and unique putative binding sites in B. subtilis than in
E. coli K12, although both genomes encode similar num-
bers of genes (4105 vs. 4132) and operons (2400 vs. 2313).
This might reﬂect that fewer TFs are possible encoded in
the former than in the latter. Indeed, the E. coli K12
genome was estimated to encode 314 TFs (61), while the
B. subtilis genome 237 TFs (65). Furthermore, the major-
ity of the top-ranked clusters contain either no known
binding sites or known binding sites of one to two
motifs (Figure 6A), and the most known motifs are
located in one to two clusters (Figure 6B) due to the
same reasons discussed earlier. Figure 8 summarizes the
top 20 clusters of our predictions in B. subtilis.A si n
E. coli K12, seven of these top 20 clusters correspond
to one or two known motifs, and more than half (12/20)
of them contain motifs of palindromic structure, suggest-
ing that they are likely to be true binding motifs
(Figure 8). The predicted binding sites and recovery of
known binding sites in the top 300 clusters are available
at our website (http://gleclubs.uncc.edu/pbs). Similar to
E. coli K12, the majority of upstream inter-operonic
regions of B. subtilis contained putative binding sites
from less than 10 clusters (Figure 4F), and 2334 (97%)
of the 2400 predicted operons contained putative binding
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Figure 6. The correspondence between the clusters and known motifs.
(A) Distribution of the number of known motifs in which the sequences
of a cluster are located. (B) Distribution of the number of clusters that
contain the known binding sites of a motif.
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has achieved similarly high prediction accuracy in B. sub-
tilis as in E. coli K12. Therefore, we conclude that our
algorithm is very robust, and can be applied to any
sequenced prokaryotic genome as long as a few related
reference genomes are available.
Comparison of our algorithm with other state-of-the-art
methods
To further evaluate our algorithm, we have compared the
performance of GLECLUBS to other prior state-of-the-
art methods that have been applied to E. coli K12 or
B. subtilis, where enough CRBSs are known for more
objective evaluations. As shown in Table S1 in
Supplementary Data, GLECLUBS clearly recovered
more known motifs, and covered more operons than any
of these algorithms in both the genomes. Furthermore, as
we have mentioned earlier, PhyloNet (33), which was
designed to predict CRBSs at a genome scale in simple
eukaryotic (33) and prokaryotic (34) genomes, is probably
the most comparable algorithm to GLECLUBS in terms
of the scope of predictions that they both can achieve.
However, the outputs of PhyloNet are a set of redundant
motifs that need to be further clustered in an ad-hoc
manner (33,34), and it has not been applied to either
E. coli K12 or B. subtilis by its authors. Therefore, to
compare the two algorithms, we applied GLECLUBS to
S. oneidensis using 33 reference genomes selected from the
124 sequenced ﬁrmicutes (Figure S3). The similarity scores
of the 91000 input motifs from 2275 predicted operons in
S. oneidensis have a similar distribution to those of the
input motifs from E. coli K12 and B. subtilis
(Figure 3C). In addition, the density of the motif similarity
graph as a function of the cutoﬀ b is also similar to those
of E. coli K12 and B. subtilis (Figure S8).
As shown in Figure 4C, the number of cumulative
unique putative binding sites predicted in S. oneidensis
by GLECLUBS increased very rapidly with the increase
in the rank of motifs, and then saturated at 5900 around
the top 300 clusters followed by a small linear increase
as seen in B. subtilis and E. coli K12, suggesting that the
S. oneidensis genome might contain about 300 motifs.
However, the saturation of unique putative binding sites
in S. oneidensis was faster than in E. coli K12, but slower
than in B. subtilis in the top 200 clusters, although the
three genomes encode similar numbers of genes (4467 in
S. oneidensis, 4237 in E. coli K12, and 4105 in B. subtilis)
and operons (2275 in S. oneidensis, 2313 in E. coli K12,
and 2400 in B. subtilis). This might reﬂect the fact that the
number (243) of TFs encoded in S. oneidensis (36) is fewer
than that (314) in E. coli K12 (61), but more than that
(238) in B. subtilis (65). Furthermore, as seen in E. coli
K12 and B. subtilis, the majority of upstream inter-
operonic regions of S. oneidensis contained putative
binding sites from less than 10 clusters (Figure 4F), and
2147 (94.4%) of the 2275 predicted operons contained
putative binding sites of the top 300 clusters. Thus,
we have likely achieved similar prediction accuracy in
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All known CRP binding sites (248 sites)
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Figure 7. Three distinct sub-motifs of the CRP binding sites correspond to three top-ranked clusters. The all known CRP binding sites (A), can be
subdivided into a more information-rich canonical palindromic sub-motif (B), a T-rich motif (C) and an A-rich sub-motif (D). Our predicted eighth
(E), 72-th (F) and 178-th (G) clusters, largely correspond to the CRP’s canonical palindromic sub-motif (B), the T-rich motif (C) and the A-rich sub-
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Liu et al. (34) used two input sequence datasets (I and II)
to predict CRBSs in S. oneidensis, and PhyloNet output
203 and 1665 redundant motifs from datasets I and II,
respectively. To remove the redundancy, they applied an
ad-hoc hierarchical clustering procedure to these predic-
tions, resulting in 194 none-redundant motifs, covering
only 849 operons, which clearly underestimated the
number of motifs that the S. oneidensis genome may con-
tain given that the genome is predicted to encode at least
238 TFs (36). One possible reason for this under-predic-
tion might be that PhyloNet was aimed to only search for
palindromic motifs, but not all CRBSs are palindromic. In
addition, since experimentally characterized CRBSs in S.
oneidensis are still very limited (34), we followed the prac-
tice of Liu et al. (34), and compared our predicted motifs
with these 194 motifs for their abilities to recover the top
24 conserved motifs between S. oneidensis and E. coli K12
(the ﬁrst 24 motifs in Table 2 in Liu et al. (34), 13 of which
are palindromic motifs). First, the combined 194 motifs
predicted by Liu et al. recovered only nine (69.2%) of the
13 palindromic motifs, though their algorithm was aimed
to predict palindromic motifs in this application (34). In
contrast, as shown in Figure S10 and Table S1, our top
197 motifs recovered 12 (92.3%) of the 13 palindromic
motifs. Second, the 194 motifs predicted by Liu et al.
did not recover any non-palindromic motif of the 24 con-
served motifs except the 9 palindromic motifs, thus they
only predicted 9 (37.5%) of the 24 motifs (34). In contrast,
as shown in Figure S10 and Table S1, our top 197 motifs
recovered 16 (66.4%) of the 24 motifs, including four non-
palindromic motifs. In addition, our top 300 motifs recov-
ered 18 (75%) of the 24 motifs (Table S10). Third, Liu et
al. (34) found that their 194 motifs recovered four motifs
from an earlier work of Tan et al. (66). In contrast, as
shown in Figure S10, our top 197 motifs recovered seven
motifs by Tan et al. (66), including the four motifs recov-
ered by Liu et al. (34). Therefore, GLECLUBS outper-
formed PhyloNet not only in eﬃciency of clustering
motifs, but also in prediction sensitivity and speciﬁcity.
The top 20 motifs predicted in S. oneidensis by
GLECLUBS are shown in Figure S11, which include six
of the top 24 conserved motifs between S. oneidensis and
E. coli K12 and two possible s-factor binding site motifs.
The top 300 predicted motifs in S. oneidensis are available
at our website (http://gleclubs.uncc.edu/pbs/).
DISCUSSION
Our algorithm has achieved high prediction accuracy
and robustness
Genome-wide experimental characterization of CRBSs in
all the sequenced genomes remains an open problem due
to the tedious and laborious work required by even the
most high-throughput experimental methods such as the
ChIP-chip technique (67). Furthermore, the ChIP-chip
technique is also limited by the conditions that allow the
TF to bind to its binding sites as well as the low resolution
nature of the technique, as it can only locate the possible
binding sites in a region of hundreds to thousands bp
length sequences. With the availability of increasing num-
bers of sequenced prokaryotic genomes, comparative
genomics-based computational methods will become
more and more powerful in deciphering the CRBSs in
all the sequenced prokaryotic genomes. In this study, we
have developed an algorithm called GLECLUBS for
genome-wide de novo prediction of CRBSs in prokaryotic
genomes based on the principles of comparative genomics.
We have designed several novel features into our algo-
rithm to address the three identiﬁed diﬃculties associated
with the CRBS prediction problem as follows.
First, since any sequence segment can be potentially a
binding site, motif-ﬁnding tools generally work by identi-
fying the overrepresented sequences in a set of input
sequences as the possible binding sites. Therefore, the
quality of the inter-operonic sequences greatly aﬀects the
performance of motif-ﬁnding tools. An ideal high quality
inter-operonic sequence set should contain as many as
possible sequences that contain the binding sites of the
orthologous TFs, and these binding sites should be con-
served enough yet their ﬂanking sequences should be
divergent enough, so that the binding sites can be readily
identiﬁed. In order to increase the quality of the input
inter-operonic sequences for the phylogenetic footprinting
procedure, we have designed a new method for selecting
reference genomes. When compared with the reference
genomes selected by the conventional method, those
selected by our method are more likely to facilitate the
separation of true CRBSs from spurious ones, as indicated
by the left-shifted distribution curve of the similarity
scores based on our method (Figure 3C). One possible
explanation for this is that our method tends to select
reference genomes that have the most similar gene tran-
scription regulatory networks to the target genome, thus
the extracted input sequences are more likely to contain
similar binding sites of orthologous TFs, yet the ﬂanking
sequences are divergent enough to allow the binding sites
to stand out. Furthermore, instead of using the inter-
operonic sequence set Jg associated with a group of ortho-
logous genes, Og, as the input sequences for the motif-
ﬁnding tools, we used the union Io of inter-operonic
sequence sets fJg : g 2 og, which also facilitates the sepa-
ration of true binding sites and spurious ones as indicated
by the left-shifted distribution curve of the motif similarity
scores based on the sets fIog compared to that based on
fJgg (Figure 3C). The reason for this might be that the
union operation likely increases the number of sequences
containing true binding sites in the input sequences, and
thus increases the possibility that the true binding sites can
be found by a motif-ﬁnding tool. This is reminiscence of
the incorporation of co-regulated genes that improves the
motif-ﬁnding through phylogenetic footprinting (68).
Second, in order to overcome the problem that the current
sequence-based motif-ﬁnding tools can only predict a
small fraction of binding sites in the input sequences, we
have used multiple motif-ﬁnding tools, and have opti-
mized the combination of the tools and the number
of outputs that each tool returns based on its perfor-
mances on predicting the known binding sites and its
complementary eﬀect on the others. The total number
of motifs returned by the motif-ﬁnding tools is also
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number of spurious predictions included. Third, due to
the short length and degenerate nature of the binding
sites, there are many irrelevant sequences in the genome
similar to a true binding site; to complicate the problem
further, some binding sites of the same TF are not similar
to one another at all (Figure 7) (26). Both factors make the
task of separating the true binding sites from the spurious
ones very challenging. To tackle this problem, we have
ﬁrst introduced a new metric to measure the similarity
between two motifs. Although numerous motif similarity
metrics have been proposed (43–46), some are based
on the frequency matrices of the two compared motifs
(such as PCC, pCS, SSD and AC), some are based on
the frequency matrices and position weight matrices
(PWMs) of the two compared motifs (such as ALLR),
and some are based on the relative entropy of two com-
pared columns of the motifs (such as AKL), none of
them can achieve a satisfactory result for our purpose of
eﬃciently separating the true motifs from the spurious
ones (Figure 1A). Our metric uses not only the frequency
matrices and PWMs of the two compared motifs, but also
the information content of each column of the motifs.
Moreover, our metric is based on the optimal alignment
without gaps in the middle between the two compared
motifs, and is normalized to the length of compared
motifs; therefore, motifs of diﬀerent lengths can be eﬃ-
ciently compared. Hence, it is not surprising that our
metric outperforms all of these existing metrics for our
purpose (Figure 3A and B). We then developed a graph-
theoretic based algorithm to separate the true motifs from
the spurious ones through an iterative motif similarity
graph construction and clustering process, with varying
stringency in each step of motif similarity graph
construction.
When applied to the E. coli K12 and B. subtilis genomes
with the same parameter settings, GLECLUBS can rap-
idly recover by its top-ranked predictions  81% known
CRBSs in both genomes identiﬁed by the ﬁve motif-ﬁnd-
ing tools. More importantly, the recovery rates of known
binding sites as well as the number of unique putative
CRBSs saturated around the top 400 and 300 motifs for
E. coli K12 and B. subtilis, respectively. These saturation
points are in excellent agreement with the numbers of TFs
possible encoded in the genomes. Further validation of
our predictions in E. coli K12 using a compendium of
microarray gene expression dataset indicates that we
have achieved the same level of accuracy for the predicted
new motifs as for those that contain known binding sites.
Therefore, GLECLUBS was neither over trained on the
known binding sites, nor biased to the E. coli K2 genome.
Taking together, our algorithm has achieved high sensitiv-
ity as well as high speciﬁcity in both genomes in identify-
ing the true binding sites in the input motifs predicted by
multiple motif-ﬁnding tools and is also very robust, there-
fore can be applied to any prokaryotic genomes. One pos-
sible explanation for the robustness of GLECLUBS is that
it only contains two parameters needed to be optimized,
i.e. the motif length L as one of the inputs of the motif-
ﬁnding tools and the motif similarity cutoﬀ b for the con-
struction of motif similarity graphs. However, both the
motif length and the similarity between two sub-motifs
recognized by the same TF are mainly governed by the
physical and chemical principles of protein DNA interac-
tions, and thus they are not likely to be species speciﬁc. In
other words, the range of motifs length and the level of
similarity of binding sites of a motif should be very similar
in at least bacterial genomes. This conclusion is strongly
supported by the similar distributions of the length of
known CRBSs in E. coli K12 and B. subtilis (Figure S7),
as well as the similar distributions of the similarity scores
of the sub-motifs of the known motifs in E. coli K12 and
B. subtilis (Figure 3C). Furthermore, our results showed
that both the motif length and similarity cutoﬀ were
robust in a range of values in the same genomes
(Figure S6 and S8).
When compared with other state-of-the-art genome-
wide CRBS prediction algorithms that have been applied
to E. coli K12 and/or B. subtilis, GLECLUBS outper-
formed all of them in terms of the number of known
motifs recovered and the number of operons covered in
both the genomes (Table S1). In addition, GLECLUBS
out-performed the more recently developed PhyloNet
algorithm (33) in terms of motif clustering eﬃciency,
and prediction sensitivity and speciﬁcity when evaluated
on the S. oneidensis genome. Furthermore, PhyloNet
seems to require intergenic sequences from very closely
related genomes (e.g., genomes from the same genus) for
better performance (34); however, such a requirement
cannot be always met. Therefore, our algorithm is more
applicable, as its output requires no further process, and it
only needs moderately related reference genomes for accu-
rate predictions. With the availability of exponentially
increasing number of sequenced prokaryotic genomes, it
is highly possible to identify enough number of such ref-
erence genomes for any sequenced prokaryotic genomes.
The bottlenecks of genome-wide CRBS predictions
The performance of our algorithm depends on two pieces
of information: (i) the operon structures in the target
genome as well as in the reference genomes; and (ii) the
input motifs found by multiple motif-ﬁnding tools. In the
foreseeable future, operon structures in sequenced gen-
omes will be mainly provided by computational predic-
tions instead of experimental determination due to the
enormous work that may incur. Therefore, we did not
even use the known operon structures in both E. coli
K12 and B. subtilis to make sure that our algorithm is
robust enough to be applied to other less well-studied
genomes. However, we have found that the accuracy of
operon prediction is a major limiting factor for the per-
formance of our algorithm. Even with the most accurate
operon prediction algorithm developed so far (39,40), only
about 84.6% and 83.3% known operons in E. coli K12
and B. subtilis, respectively, can be correctly predicted
(40). Based on such predictions, the location of only
85 86% known CRBSs in both genomes are correctly
extracted as inter-operonic regions, and thus can be poten-
tially identiﬁed by the motif-ﬁnding tools in the phyloge-
netic footprinting procedure (Table 1). The rest 14 15%
known CRBSs were missed by the procedure simply
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regions. Further improvement of operon prediction algo-
rithms or the development of other strategies will certainly
increase the sensitivity of our algorithm.
Another limiting factor for the performance of our
algorithm is the prediction accuracy of the motif-ﬁnding
tools used in our algorithm to predict the input motifs.
Although our algorithm was designed to overcome the
problem of the low prediction sensitivity and speciﬁcity
of current motif-ﬁnding tools by using an optimized com-
bination of multiple outputs of multiple tools, for the sake
of computational eﬃciency, the number of the input
motifs can not be too large. This requirement aﬀects the
performance of our algorithm to some extent. Therefore,
improvement of motif-ﬁnding tools and their combination
in the future are likely to increase the sensitivity of our
algorithm further, as our algorithm is very ﬂexible to
include any new motif-ﬁnding tools.
Furthermore, our graph clustering algorithm also has
room for further improvement, although it has achieved
 81% sensitivity and possibly high speciﬁcity to predict
true binding sites in a large number of input motifs in both
the E. coli K12 and B. subtilis genomes. Therefore, when
all of these factors are considered, and the results are
evaluated on the all known binding sites, we can only
predict  64% of them in both E. coli K12 and B. subtilis
(Table 1). In order to achieve higher prediction sensitivity
and speciﬁcity and to identify all possible CRBSs encoded
in a genome, all these three bottlenecks in our prediction
pipeline need to be well addressed in the future.
Lastly, the binding sites of some diﬀerent TFs were
clustered in the same cluster due to the large overlap or
high similarity of these binding sites; on the other hand,
some binding sites of the same TF were clustered into
diﬀerent clusters due to the dissimilarity of these distinct
sub-motifs. These phenomena had also been noted by an
earlier study (26), suggesting that gene regulation is a far
more complicated problem than previously imagined in
that the same TF can bind to distinct motifs by adapting
diﬀerent conﬁgurations, and diﬀerent TFs of the same
family can binding to very similar binding sites. These
observations might indicate the limitations of the sequence
based genome-wide motif-ﬁnding algorithms, which
assume that the same TF recognizes similar binding
sites, and diﬀerent TFs recognize distinct motifs. Solving
these problems might require additional information such
as the 3-dimensional structures of TFs encoded in the
genomes.
Biological insights of our predictions into the
cis-regulatory systems in E. coli K12 and B. subtilis
E. coli K12 and B. subtilis are the most extensively studied
model organisms for Gram-negative and Gram-positive
bacteria, respectively, for all aspects of bacterial biology,
including gene transcription regulation. Although many
important gene transcription machineries have been
derived from the studies of these two organisms, so far
we only know fewer than half of the cis-regulatory systems
in both organisms after decades of research (1–3). Hence,
we are still far away from having a holistic view of the
gene transcription regulatory networks in any of the stud-
ied organisms. In this study, we have provided so far the
most extensive lists of high quality candidates of new
cis-regulatory binding motifs as well as regulons in both
E. coli K12 and B. subtilis for further experimental char-
acterization. Intriguingly, in both the genomes, the pre-
dicted new cis-regulatory binding motifs are close to the
number of (putative) TFs whose binding sites are
unknown. As our algorithm has likely achieved high pre-
diction speciﬁcity, it would be reasonable to believe that
most of these predictions are likely to be the binding site
motifs of these (putative) TFs whose binding sites as well
as regulons are largely unknown. Furthermore, since our
predictions have tremendously narrowed down the candi-
dates of CRBSs in the voluminous genome sequences, it
becomes feasible to experimentally verify these predictions
and, at the same time, to map each predicted motif to its
cognate binding TF. For instance, one can use a double-
stranded oligo-DNA containing the consensus sequence of
a predicted motif to pull down the cognate TF from a
pooled lysates of bacterial cells cultured under diﬀerent
conditions, presumably at least one of which can activate
the TF; and then identify the bound protein using mass
spectrometry analysis (69). Thus, combining our predic-
tions with a high throughput DNA aﬃnity capture and a
protein identiﬁcation technique can greatly facilitate the
elucidation of the entire gene transcription regulatory net-
works in these model organisms in particular, and in any
other sequenced prokaryotic genome in general.
Implications for current genome annotation efforts
One of the major objectives of current genome annotation
is to deﬁne all of the functional sequence elements in the
sequenced genomes. For practical reasons, this can only
be done by highly accurate computational predictions.
However, due to the aforementioned reasons, current
genome annotation eﬀorts are mainly focused on coding
sequences, and little has been achieved on the annotation
of CRBSs in most sequenced prokaryotic genomes (3).
The relatively high prediction accuracy and robustness
of our algorithm imply that it can be used to annotate
the CRBSs in any sequenced prokaryotic genome as
long as a few moderately related reference genomes are
available. With more prokaryote genomes sequenced,
this restriction will no longer exist for any sequenced gen-
omes in the near future. Of course, to apply our algorithm
to all the sequenced prokaryotic genomes, we need to fur-
ther improve its computational eﬃciency, which we
believe, is highly doable. First, our current algorithm
only focuses on the target genome, the information
about the CRBSs in dozens of reference genomes are
not fully utilized. Full utilization of this information will
possibly lead to the prediction of the CRBSs not only in
the target genome, but also in all of the reference genomes
as well. This will speed up the algorithm dozens of times.
Second, the program can be easily parallelized, which can
speed up the algorithm further. We are in the process of
constructing a relational database to store our predicted
CRBSs from the genomes to which our algorithm has
been or will be applied. We hope that the database will
PAGE 19 OF 21 Nucleic Acids Research,2009, Vol.37, No. 10 e72become a valuable resource to the community to elucidate
the CRBSs in all sequenced prokaryotic genomes.
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